Identifying neuroimaging biomarkers of Alzheimer's disease (AD) is of great importance for diagnosis and prognosis of the disease. In this study, we develop a novel nonlinear metric learning method (ML-TPS) to improve biomarker identification for Alzheimer's disease (AD) and its early stage Mild Cognitive Impairment (MCI) . Formulated under a constrained optimization framework, the proposed method learns a smooth nonlinear feature space transformation that pulls the samples of the same class closer to each other while pushing different classes further away. The thin-plate spline (TPS) is chosen as the geometric model due to its remarkable versatility and representation power in accounting for sophisticated deformations. In addition, a multi-resolution patch-based feature selection strategy is proposed to extract both cross-sectional and longitudinal features from MR brain images.
Nonlinear ML-TPS Learning a metric from the training input is equivalent to learn a feature transformation [1] . Depending on the feature space transformation to be sought, metric learning can be divided into linear and nonlinear groups. The proposed ML-TPS model is a direct generalization of linear ML through the application of a deformable geometric modelthe thin-plate spline (TPS) -to transform the feature space. TPS is chosen due to its remarkable versatility and representation power in accounting for high-order deformations.
With the side information embedded in the class-equivalent constraints P = {(x i , x j )| x i and x j belong to the same class} and class-nonequivalent constraints N = {(x i , x j )| x i and x j belong to different classes}, the goal of our ML solution is pulling the similar subjects closer while pushing dissimilar subjects apart, directly through a TPS nonlinear transformation f as described in Eqn. (2) . This can be achieved through the following constrained optimization:
where, f is the TPS transformation, as described in matrix format:
B is the linear transformation matrix, and W is the weight matrix for the nonlinear parts. x p are the anchor points used to compute the TPS kernel. Compared with a classic liner metric learning model MMC [4] , another component W 2 F , the squared Frobenius norm of W , is added to the objective function as a regularizer to prevent overfitting. λ is the weighting factor to control the importance of two components. Similar as in MMC, the nonequivalent constraint ∑ x i ,x j ∈N f (x i ) − f (x j ) 2 ≥ 1 is to impose a scaling control to avoid trivial solutions. The other two equivalent constraints with respect to W is to ensure that the elastic part of the transformation is zero at infinity. W k is the kth column of W , and x k is the kth component of x.
Feature extraction Feature extraction and selection from the ADNI database [3] is also in great need of further exploration. Most of the exist-ing works are either cross-sectional features obtained at one point in time, or "static" longitudinal volumetric information acquired at two or multiple time points but only through structural segmentation. In part due to the unavailability of deformation data under ADNI, "dynamic" longitudinal information such as the atrophy over time at various gray matter (GM) areas, which is a major hallmark in the progression of AD, has not been fully utilized in the literature. In this paper, we propose a multi-resolution patch selection strategy, with both cross-sectional (baseline) and longitudinal atrophy features extracted from MR brain images.
The neuroimage data used in this work were obtained from the ADNI database. We consider only the subjects for whom the baseline (M0) visits and 12-month follow-up (M12) T1-weighted MRIs, together with their MIDAS Whole Brain Masks, are all available. Fig. 1 illustrates an overview of the schematic diagram of our proposed framework. Two sets of class-discriminative patches are first extracted at three different levels of resolutions: one set is based on the gray matter (GM) densities of the baseline MRIs, and the other is selected through the longitudinal deformation magnitudes (DM) estimated between baselines (M0-MRIs) and follow-ups (M12-MRIs). Both selection procedures are conducted through statistical significance tests between groups. With p-value set to 0.05, this step returns more than 1000 patches in each set. To capture the most discriminative patches, a wrapper feature selection [2] is carried out with a greedy forward searching within the pools of GM patches, DM patches, and their combination. Conclusion Implementations of the proposed methods, as well as the detailed experimental evaluations, are described in the paper. The two novel components in our solution -nonlinear metric learning through TPS and integration of longitudinal atrophy information -have both proven to be highly effective in improving the classification of AD/MCI versus NC.
